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PROPENSITY MODEL BASED
OPTIMIZATION

CROSS-REFERENCES TO OTHER
APPLICATIONS

This application claims the benefit of U.S. Provisional
Patent Application No. 62/556,565 entitled “PROPENSITY
MODEL BASED OPTIMIZATION” and filed on Sep. 11,
2017, for Brandon Dewitt et al., which is incorporated herein
by reference.

FIELD

This invention relates to pass/fail interfaces and more
particularly relates to propensity model based optimizations
of submissions to pass/fail interfaces.

BACKGROUND

Electronic submissions to an interface may be rejected for
failure to meet one or more specifications, qualifications, or
the like. However, even failed submissions may incur a cost,
count against a quota, or the like.

SUMMARY

Apparatuses are presented for propensity model based
optimization. An apparatus, in one embodiment, includes a
mobile computing device. A mobile computing device, in
certain embodiments, includes a camera, a network inter-
face, and/or an optimization module. In some embodiments,
an optimization module is configured to process one or more
images from a camera using machine learning to determine
a likelihood that the one or more images will pass submis-
sion to a pass/fail interface over a network interface. An
optimization module, in a further embodiment, is configured
to submit one or more images to a pass/fail interface over a
network interface in response to a likelihood satisfying a
threshold.

Methods are presented for propensity model based orga-
nization. A method, in one embodiment, includes receiving
an electronic submission for a pass/fail interface. A method,
in a further embodiment, includes determining a likelihood
that an electronic submission will be accepted by a pass/fail
interface. In certain embodiments, a method includes sub-
mitting an electronic submission to a pass/fail interface in
response to a likelihood satisfying a threshold. A method, in
some embodiments, includes performing a corrective action
for an electronic submission in response to a likelihood
failing to satisfy a threshold.

Other apparatuses are presented for propensity model
based organization. An apparatus, in one embodiment,
includes means for determining a likelihood that an elec-
tronic submission will be accepted by a pass/fail interface.
In certain embodiments, an apparatus includes means for
submitting an electronic submission to a pass/fail interface
in response to a likelihood satistying a threshold. An appa-
ratus, in some embodiments, includes means for performing
a corrective action for an electronic submission in response
to a likelihood failing to satisfy a threshold.

BRIEF DESCRIPTION OF THE DRAWINGS

In order that the advantages of the invention will be
readily understood, a more particular description of the
invention briefly described above will be rendered by ref-
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erence to specific embodiments that are illustrated in the
appended drawings. Understanding that these drawings
depict only typical embodiments of the invention and are not
therefore to be considered to be limiting of its scope, the
invention will be described and explained with additional
specificity and detail through the use of the accompanying
drawings, in which:

FIG. 1 is a schematic block diagram illustrating one
embodiment of a system for propensity model based opti-
mization;

FIG. 2 is a schematic block diagram illustrating a further
embodiment of a system for propensity model based opti-
mization;

FIG. 3 is a schematic flow chart diagram illustrating one
embodiment of a method for propensity model based opti-
mization;

FIG. 4 is a schematic flow chart diagram illustrating a
further embodiment of a method for propensity model based
optimization; and

FIG. 5 is a schematic flow chart diagram illustrating an
additional embodiment of a method for propensity model
based optimization.

DETAILED DESCRIPTION

Reference throughout this specification to “one embodi-
ment,” “an embodiment,” or similar language means that a
particular feature, structure, or characteristic described in
connection with the embodiment is included in at least one
embodiment. Thus, appearances of the phrases “in one
embodiment,” “in an embodiment,” and similar language
throughout this specification may, but do not necessarily, all
refer to the same embodiment, but mean “one or more but
not all embodiments” unless expressly specified otherwise.
The terms “including,” “comprising,” “having,” and varia-
tions thereof mean “including but not limited to” unless
expressly specified otherwise. An enumerated listing of
items does not imply that any or all of the items are mutually
exclusive and/or mutually inclusive, unless expressly speci-
fied otherwise. The terms “a,” “an,” and “the” also refer to
“one or more” unless expressly specified otherwise.

Furthermore, the described features, advantages, and
characteristics of the embodiments may be combined in any
suitable manner. One skilled in the relevant art will recog-
nize that the embodiments may be practiced without one or
more of the specific features or advantages of a particular
embodiment. In other instances, additional features and
advantages may be recognized in certain embodiments that
may not be present in all embodiments.

These features and advantages of the embodiments will
become more fully apparent from the following description
and appended claims, or may be learned by the practice of
embodiments as set forth hereinafter. As will be appreciated
by one skilled in the art, aspects of the present invention may
be embodied as a system, method, and/or computer program
product. Accordingly, aspects of the present invention may
take the form of an entirely hardware embodiment, an
entirely software embodiment (including firmware, resident
software, micro-code, etc.) or an embodiment combining
software and hardware aspects that may all generally be
referred to herein as a “circuit,” “module,” or “system.”
Furthermore, aspects of the present invention may take the
form of a computer program product embodied in one or
more computer readable medium(s) having program code
embodied thereon.

Many of the functional units described in this specifica-
tion have been labeled as modules, in order to more par-
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ticularly emphasize their implementation independence. For
example, a module may be implemented as a hardware
circuit comprising custom VLSI circuits or gate arrays,
off-the-shelf semiconductors such as logic chips, transistors,
or other discrete components. A module may also be imple-
mented in programmable hardware devices such as field
programmable gate arrays, programmable array logic, pro-
grammable logic devices or the like.

Modules may also be implemented in software for execu-
tion by various types of processors. An identified module of
program code may, for instance, comprise one or more
physical or logical blocks of computer instructions which
may, for instance, be organized as an object, procedure, or
function. Nevertheless, the executables of an identified
module need not be physically located together, but may
comprise disparate instructions stored in different locations
which, when joined logically together, comprise the module
and achieve the stated purpose for the module.

Indeed, a module of program code may be a single
instruction, or many instructions, and may even be distrib-
uted over several different code segments, among different
programs, and across several memory devices. Similarly,
operational data may be identified and illustrated herein
within modules, and may be embodied in any suitable form
and organized within any suitable type of data structure. The
operational data may be collected as a single data set, or may
be distributed over different locations including over differ-
ent storage devices, and may exist, at least partially, merely
as electronic signals on a system or network. Where a
module or portions of a module are implemented in soft-
ware, the program code may be stored and/or propagated on
in one or more computer readable medium(s).

The computer program product may include a computer
readable storage medium (or media) having computer read-
able program instructions thereon for causing a processor to
carry out aspects of the present invention.

The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (“RAM”), a read-only memory
(“ROM”), an erasable programmable read-only memory
(“EPROM” or Flash memory), a static random access
memory (“SRAM”™), a portable compact disc read-only
memory (“CD-ROM”), a digital versatile disk (“DVD”), a
memory stick, a floppy disk, a mechanically encoded device
such as punch-cards or raised structures in a groove having
instructions recorded thereon, and any suitable combination
of the foregoing. A computer readable storage medium, as
used herein, is not to be construed as being transitory signals
per se, such as radio waves or other freely propagating
electromagnetic waves, electromagnetic waves propagating
through a waveguide or other transmission media (e.g., light
pulses passing through a fiber-optic cable), or electrical
signals transmitted through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
network and/or a wireless network. The network may com-
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prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++ or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems), and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer readable program instructions.

These computer readable program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions may also be
loaded onto a computer, other programmable data process-
ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
mented process, such that the instructions which execute on
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the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

Many of the functional units described in this specifica-
tion have been labeled as modules, in order to more par-
ticularly emphasize their implementation independence. For
example, a module may be implemented as a hardware
circuit comprising custom VLSI circuits or gate arrays,
off-the-shelf semiconductors such as logic chips, transistors,
or other discrete components. A module may also be imple-
mented in programmable hardware devices such as field
programmable gate arrays, programmable array logic, pro-
grammable logic devices or the like.

Modules may also be implemented in software for execu-
tion by various types of processors. An identified module of
program instructions may, for instance, comprise one or
more physical or logical blocks of computer instructions
which may, for instance, be organized as an object, proce-
dure, or function. Nevertheless, the executables of an iden-
tified module need not be physically located together, but
may comprise disparate instructions stored in different loca-
tions which, when joined logically together, comprise the
module and achieve the stated purpose for the module.

The schematic flowchart diagrams and/or schematic block
diagrams in the Figures illustrate the architecture, function-
ality, and operation of possible implementations of appara-
tuses, systems, methods and computer program products
according to various embodiments of the present invention.
In this regard, each block in the schematic flowchart dia-
grams and/or schematic block diagrams may represent a
module, segment, or portion of code, which comprises one
or more executable instructions of the program code for
implementing the specified logical function(s).

It should also be noted that, in some alternative imple-
mentations, the functions noted in the block may occur out
of the order noted in the Figures. For example, two blocks
shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in
the reverse order, depending upon the {functionality
involved. Other steps and methods may be conceived that
are equivalent in function, logic, or effect to one or more
blocks, or portions thereof, of the illustrated Figures.

Although various arrow types and line types may be
employed in the flowchart and/or block diagrams, they are
understood not to limit the scope of the corresponding
embodiments. Indeed, some arrows or other connectors may
be used to indicate only the logical flow of the depicted
embodiment. For instance, an arrow may indicate a waiting
or monitoring period of unspecified duration between enu-
merated steps of the depicted embodiment. It will also be
noted that each block of the block diagrams and/or flowchart
diagrams, and combinations of blocks in the block diagrams
and/or flowchart diagrams, can be implemented by special
purpose hardware-based systems that perform the specified
functions or acts, or combinations of special purpose hard-
ware and program code.

FIG. 1 depicts one embodiment of a system 100 for
propensity model based optimization. In one embodiment,
the system 100 includes one or more hardware devices 102,
one or more optimization modules 104 (e.g., a backend
optimization module 1045 and/or a plurality of optimization
modules 104a disposed on the one or more hardware devices
102), one or more data networks 106 or other communica-
tion channels, one or more third party service providers 108
(e.g., one or more servers 108 of one or more service
providers 108; one or more cloud or network service pro-
viders, or the like), and/or one or more backend servers 110.
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In certain embodiments, even though a specific number of
hardware devices 102, optimization modules 104, data net-
works 106, third party service providers 108, and/or backend
servers 110 are depicted in FIG. 1, one of skill in the art will
recognize, in light of this disclosure, that any number of
hardware devices 102, optimization modules 104, data net-
works 106, third party service providers 108, and/or backend
servers 110 may be included in the system 100.

In one embodiment, the system 100 includes one or more
hardware devices 102. The hardware devices 102 (e.g.,
computing devices, information handling devices, or the
like) may include one or more of a desktop computer, a
laptop computer, a mobile device, a tablet computer, a smart
phone, a set-top box, a gaming console, a smart TV, a smart
watch, a fitness band, an optical head-mounted display (e.g.,
avirtual reality headset, smart glasses, or the like), an HDMI
or other electronic display dongle, a personal digital assis-
tant, and/or another computing device comprising a proces-
sor (e.g., a central processing unit (CPU), a processor core,
a field programmable gate array (FPGA) or other program-
mable logic, an application specific integrated circuit
(ASIC), a controller, a microcontroller, and/or another semi-
conductor integrated circuit device), a volatile memory,
and/or a non-volatile storage medium. In certain embodi-
ments, the hardware devices 102 are in communication with
one or more servers 108 of one or more third party service
providers 108 and/or one or more backend servers 110 via a
data network 106, described below. The hardware devices
102, in a further embodiment, are capable of executing
various programs, program code, applications, instructions,
functions, or the like.

In various embodiments, the optimization module 104
may use one or more machine learning and/or artificial
intelligence functions (e.g., learned functions or the like) to
generate one or more propensity models. A propensity
model may comprise machine learning, artificial intelli-
gence, a statistical and/or mathematical function, a decision
tree, a ruleset, and/or another type of model indicating a
likelihood (e.g., predicting) and/or propensity of input data
to have and/or yield one or more outcomes. For example, a
propensity model may be generated to determine a likeli-
hood or propensity of various types of input data to pass
and/or fail when submitted to a pass/fail application pro-
gramming interface (API) or other function (e.g., a query
interface such as a structured query language (SQL) inter-
face, or the like), so that the optimization module 104 may
save the cost of submitting data likely to fail to the pass/fail
API, may correct data likely to fail before submitting it to the
pass/fail APL, may request an action of a user to correct data
likely to fail, or the like.

Examples of pass/fail APIs, in various embodiments,
include a remote deposit capture (RDC) API for depositing
checks remotely (e.g., using a camera of a computing device
102 or the like) that either accepts (e.g., passes) or rejects
(e.g., fails) one or more images of an uploaded check; a loan
application interface that either approves (e.g., passes) or
denies (e.g., fails) a loan request in response to submission
of a loan application; a diagnostic and/or inspection inter-
face for an electrical and/or mechanical device (e.g., a
computing device 102, an automobile or other vehicle that
yields a pass and/or fail result; a database interface that
either accepts/executes a submitted query or rejects/throws
an error; and/or another interface that accepts/rejects,
passes/fails, approves/denies, or otherwise provides a binary
or two state result.

An optimization module 104, in one embodiment, may
train machine learning and/or other artificial intelligence to
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estimate or otherwise determine a likelihood that an elec-
tronic submission to a pass/fail interface will be accepted
and/or be rejected by submitting electronic submissions to
the pass/fail interface and observing and/or learning from
the results over time with different submissions. Machine
learning and/or other artificial intelligence, in various
embodiments, may include supervised learning (e.g., clas-
sification and/or numerical regression, or the like), unsuper-
vised learning, another learned function that improves
through experience, clustering, dimensionality reduction,
structured prediction, anomaly detection, neural networks
(e.g., artificial neural networks, a deep convolutional neural
network, or the like), reinforcement learning, decision tree
learning, association rule learning, deep learning, inductive
logic programming, support vector machines, Bayesian net-
works, representation learning, similarity and/or metric
learning, sparse dictionary learning, genetic algorithms,
rule-based machine learning, learning classifier systems, or
the like.

For example, in one embodiment, an optimization module
104 may comprise a neural network, such as a deep convo-
Iutional neural network, based propensity model trained on
previous submissions to a pass/fail interface, which may
filter an image/photo multiple times, apply a pixel matrix
multiplication and black and white filters, resulting in a
value intensity image weighted based on the training of the
neural network, or the like, and may determine a likelihood
that an electronic submission (e.g., one or more images) will
be accepted by a pass/fail interface based on the resulting
weighted value intensity images.

In one embodiment, an optimization module 104 may
determine one or more pass rates, fail rates, or the like for
different inputs, types of inputs, or the like to a pass/fail
interface. By learning the behavior of a pass/fail interface, in
certain embodiments, an optimization module 104 may
mimic or clone one or more functions of an interface locally
(e.g., on a hardware device 102), to provide an indication of
whether or not data will pass or fail an interface of a third
party service provider 108 without submitting the data to the
third party service provider 108 (e.g., a remote server 108 or
other remote device 108). For example, if each submission
to an interface of a third-party service provider 108 incurs a
cost or is counted against a quota, an optimization module
104 may reduce incurred costs due to failures by either
blocking submission of data likely to fail, correcting data
likely to fail, or the like. Determining a likelihood that an
electronic submission will pass or fail locally on a hardware
computing device 102, in certain embodiments, may be
faster than submitting the electronic submission to a pass/
fail interface on a remote server 108 of a third-party service
provider 108, regardless of whether there is a cost associated
with the submission.

In certain embodiments, a control optimization module
1045, or the like, may train machine learning or another
artificial intelligence model on an interface to generate a
propensity model, and may provide the generated propensity
model to one or more device optimization modules 104a on
different hardware devices 104a for different users, to
dynamically monitor, adjust, and/or correct requests to an
interface (e.g., a pass/fail interface of a third party service
provider 108, or the like). An optimization module 104 may
train a propensity model on actual requests to an interface
(e.g., based on data from one or more users), or on training
data (e.g., previously received and/or submitted data, arti-
ficially created data, or the like).

A propensity model of an optimization module 104, in
certain embodiments, may determine when to perform a
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corrective action on an electronic submission such as sug-
gesting and/or requesting additional information and/or
additional action from a user (e.g., missing data, incomplete
data, incorrect data, or the like), automatically correcting
one or more characteristics of the electronic submission,
and/or performing a different corrective action. A corrective
action, in one embodiment, according to a trained propensity
model, may be an action that increases a likelihood that an
electronic submission will be accepted and/or passed by a
pass/fail interface (e.g., may change a failed request to a
passing request, or the like).

In the RDC example described above, in certain embodi-
ments, a corrective action may comprise retaking one or
more images/photos of a check (e.g., at a different angle,
with a different background to avoid white on white, with a
less complex background, with a different focal length
and/or focus to decrease blurriness, swapping incorrectly
labeled front and back images/photos, rotating an image/
photo, or the like), requesting the user re-enter and/or correct
an amount of the check (e.g., based on optical character
recognition of a handwritten amount on the check failing to
match an amount entered by a user), adding information to
an electronic submission, adding a signature to an electronic
submission, adding required text (e.g., “for mobile deposit
only”) to an electronic submission, or the like.

In various embodiments, a propensity model may deter-
mine that a money order will fail (e.g., will be rejected by
a pass/fail RDC interface for depositing checks), that a
blurry or improperly focused image of a check will fail, that
an image of a check with a complex background and/or field
of capture will fail, that an upside down image of a check
will fail, two images of a front or back of a check instead of
one of each will fail, an image of a white check on a white
background will fail, that a check that is not signed for
endorsement will fail, that a check with an amount that
doesn’t match a user provided amount will fail, or the like.

In certain embodiments, an optimization module 104 may
request that a user take an image/photo of a check first, prior
to entering information about the check (e.g., a monetary
amount or the like), so that the optimization module 104
may determine and suggest the information to the user (e.g.,
to reduce the possibility of the user entering the wrong
information). For example, an optimization module 104 may
use optical character recognition to determine an amount for
a check and may suggest the determined amount to the user
as an option the user may select instead of entering an
amount manually.

In the loan application example, in certain embodiments,
a propensity model may indicate that an application is likely
to be rejected with certain information missing, and an
optimization module 104 may request the missing informa-
tion from a user before submitting the loan application, to
avoid and/or reduce a chance of the application being
rejected.

For certain predicted failures, an optimization module 104
may correct the electronic submission automatically with
little or no input or corrective action from a user. For
example, an optimization module 104 may flip an upside-
down image, may rotate and/or adjust a rotation of (e.g.,
de-skew) an image, or the like without requiring a user to
retake the image (e.g., correcting the image on the same
device 102 the image was taken, prior to submitting the
image to a pass/fail interface of a third party service provider
108 or other remote server 108).

In one embodiment, at least an initial pass or determina-
tion by an optimization module 104 may comprise an image
recognition function with no feature extraction. For
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example, an optimization module 104 may determine “is the
image/photo of a check” without attempting to extract
additional information from the check, such as an amount, a
routing number, an account number, a check number, a date,
or the like. Such a determination may be fast and capable of
being performed on any of the hardware devices 102. An
optimization module 104, in response to predicting and/or
otherwise determining that an image/photo is not of a check,
may prompt and/or alert a user that the image/photo does not
contain a check, request that a user retake an image/photo,
or the like.

An optimization module 104, in some embodiments, may
provide an override interface (e.g., a graphical user interface
button or the like), allowing a user to submit an electronic
submission to a pass/fail interface even if the optimization
module 104 has determined that the electronic submission is
likely to fail. In other embodiments, an optimization module
104 may block electronic submissions from a pass/fail
interface that the optimization module 104 predicts are
likely to fail, without the possibility of overriding (e.g., but
may suggest and/or perform one or more corrective actions
until the optimization module 104 predicts the electronic
submission will be acceptable to the pass/fail interface, or
the like).

In one embodiment, an optimization module 104 may
comprise and/or use multiple tiers of machine learning
and/or artificial intelligence, such as multiple series of
artificial neural networks, series of series of artificial neural
networks, or the like (e.g., with the output of one tier as an
input into another tier, or the like). An optimization module
104, in certain embodiments, may dynamically determine
which tiers to use to process data, an order for selected tiers,
or the like. For example, an optimization module 104 may
select and/or order tiers based on a priority or hierarchy, such
as by speed (e.g., fastest to slowest or vice versa, only tiers
above a speed threshold, or the like), breadth (e.g., broadest
to narrowest or vice versa, only tiers above or below a
threshold, or the like), or another characteristic. Each tier
(e.g., artificial neural network) may perform a different
determination (e.g., in the RDC example, one may locate a
rectangle, one may determine if the check is upside down,
one may determine if the image is blurry, one may locate the
amount, or the like).

In one embodiment, an optimization module 104 is con-
figured to determine and/or receive a user’s electronic
credentials (e.g., username and password, fingerprint scan,
retinal scan, digital certificate, personal identification num-
ber (PIN), challenge response, security token, hardware
token, software token, DNA sequence, signature, facial
recognition, voice pattern recognition, bio-electric signals,
two-factor authentication credentials, or the like) for one or
more third party service providers 108. The optimization
module 104, in certain embodiments, accesses a server 108
of'a third party service provider 108 using a user’s electronic
credentials to make an electronic submission to a pass/fail
interface of the third party service provider 108, to download
data associated with the user from the third party service
provider 108, such as a user’s photos, a user’s social media
posts, a user’s medical records, a user’s financial transaction
records or other financial data, and/or other data associated
with and/or owned by a user but stored by a server 108 of
a third party service provider 108 (e.g., stored by hardware
not owned, maintained, and/or controlled by the user). The
optimization module 104, in various embodiments, may
provide downloaded data to the user locally (e.g., displaying
the data on an electronic display of a hardware device 102);
may provide the downloaded data from the hardware device
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102 of the user to and/or package the data for a remote server
110 (e.g., a backend optimization module 1045) or other
remote device (e.g., another hardware device 102 of the user,
a hardware device 102 of a different user, or the like) which
may be unaffiliated with the third party service provider 108;
may provide one or more alerts, messages, advertisements,
or other communications to the user (e.g., on a hardware
device 102) based on the downloaded data; or the like.

In one embodiment, at least a portion of an optimization
module 104 may be integrated with or otherwise part of
another application executing on a hardware device 102,
such as an online banking application and/or a personal
financial management application (e.g., computer execut-
able code for displaying a user’s financial transactions from
multiple financial institutions, determining and/or display-
ing a user’s financial budgets and/or financial goals, deter-
mining and/or displaying a user’s account balances, deter-
mining and/or displaying a user’s net worth, or the like), a
database client, a photo viewer, a medical application, an
insurance application, an accounting application, a social
media application, or the like, which may use data the
optimization module 104 downloads from a server 108 of a
third party service provider 108.

In various embodiments, an optimization module 104
may be embodied as hardware, software, or some combi-
nation of hardware and software. In one embodiment, an
optimization module 104 may comprise executable program
code stored on a non-transitory computer readable storage
medium for execution on a processor of a hardware device
102, a backend server 110, or the like. For example, an
optimization module 104 may be embodied as executable
program code executing on one or more of a hardware
device 102, a backend server 110, a combination of one or
more of the foregoing, or the like. In such an embodiment,
the various modules that perform the operations of an
optimization module 104, as described below, may be
located on a hardware device 102, a backend server 110, a
combination of the two, and/or the like.

In various embodiments, an optimization module 104
may be embodied as a hardware appliance that can be
installed or deployed on a backend server 110, on a user’s
hardware device 102 (e.g., a dongle, a protective case for a
phone 102 or tablet 102 that includes one or more semicon-
ductor integrated circuit devices within the case in commu-
nication with the phone 102 or tablet 102 wirelessly and/or
over a data port such as USB or a proprietary communica-
tions port, or another peripheral device), or elsewhere on the
data network 106 and/or collocated with a user’s hardware
device 102. In certain embodiments, an optimization module
104 may comprise a hardware device such as a secure
hardware dongle or other hardware appliance device (e.g., a
set-top box, a network appliance, or the like) that attaches to
another hardware device 102, such as a laptop computer, a
server, a tablet computer, a smart phone, or the like, either
by a wired connection (e.g., a USB connection) or a wireless
connection (e.g., Bluetooth®, Wi-Fi®, near-field communi-
cation (NFC), or the like); that attaches to an electronic
display device (e.g., a television or monitor using an HDMI
port, a DisplayPort port, a Mini DisplayPort port, VGA port,
DVI port, or the like); that operates substantially indepen-
dently on a data network 106; or the like. A hardware
appliance of an optimization module 104 may comprise a
power interface, a wired and/or wireless network interface,
a graphical interface (e.g., a graphics card and/or GPU with
one or more display ports) that outputs to a display device,
and/or a semiconductor integrated circuit device as
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described below, configured to perform the functions
described herein with regard to an optimization module 104.

An optimization module 104, in such an embodiment,
may comprise a semiconductor integrated circuit device
(e.g., one or more chips, die, or other discrete logic hard-
ware), or the like, such as a field-programmable gate array
(FPGA) or other programmable logic, firmware for an
FPGA or other programmable logic, microcode for execu-
tion on a microcontroller, an application-specific integrated
circuit (ASIC), a processor, a processor core, or the like. In
one embodiment, an optimization module 104 may be
mounted on a printed circuit board with one or more
electrical lines or connections (e.g., to volatile memory, a
non-volatile storage medium, a network interface, a periph-
eral device, a graphical/display interface. The hardware
appliance may include one or more pins, pads, or other
electrical connections configured to send and receive data
(e.g., in communication with one or more electrical lines of
aprinted circuit board or the like), and one or more hardware
circuits and/or other electrical circuits configured to perform
various functions of an optimization module 104.

The semiconductor integrated circuit device or other
hardware appliance of an optimization module 104, in
certain embodiments, comprises and/or is communicatively
coupled to one or more volatile memory media, which may
include but is not limited to: random access memory (RAM),
dynamic RAM (DRAM), cache, or the like. In one embodi-
ment, the semiconductor integrated circuit device or other
hardware appliance of an optimization module 104 com-
prises and/or is communicatively coupled to one or more
non-volatile memory media, which may include but is not
limited to: NAND flash memory, NOR flash memory, nano
random access memory (nano RAM or NRAM), nanocrystal
wire-based memory, silicon-oxide based sub-10 nanometer
process memory, graphene memory, Silicon-Oxide-Nitride-
Oxide-Silicon (SONOS), resistive RAM (RRAM), program-
mable metallization cell (PMC), conductive-bridging RAM
(CBRAM), magneto-resistive RAM (MRAM), dynamic
RAM (DRAM), phase change RAM (PRAM or PCM),
magnetic storage media (e.g., hard disk, tape), optical stor-
age media, or the like.

The data network 106, in one embodiment, includes a
digital communication network that transmits digital com-
munications. The data network 106 may include a wireless
network, such as a wireless cellular network, a local wireless
network, such as a Wi-Fi network, a Bluetooth® network, a
near-field communication (NFC) network, an ad hoc net-
work, and/or the like. The data network 106 may include a
wide area network (WAN), a storage area network (SAN), a
local area network (LAN), an optical fiber network, the
internet, or other digital communication network. The data
network 106 may include two or more networks. The data
network 106 may include one or more servers, routers,
switches, and/or other networking equipment. The data
network 106 may also include one or more computer read-
able storage media, such as a hard disk drive, an optical
drive, non-volatile memory, RAM, or the like.

The one or more third party service providers 108, in one
embodiment, may include one or more network accessible
computing systems such as one or more web servers hosting
one or more web sites, a database server, an enterprise
intranet system, an application server, an application pro-
gramming interface (API) server, an authentication server,
or the like. The one or more third party service providers 108
may include systems related to various institutions or orga-
nizations. For example, a third party service provider 108
may include a system providing electronic access to a
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financial institution, a university, a government agency, a
utility company, an email provider, a social media site, a
photo sharing site, a video sharing site, a data storage site,
a medical provider, or another entity that stores data asso-
ciated with a user. In one embodiment, a third-party service
provider 108 comprises a remote deposit capture service
provider that provides a pass/fail interface for remotely
depositing checks into deposit accounts for users over the
data network 106.

In certain embodiments a third-party service provider 108
may allow users to create user accounts to upload, view,
create, and/or modify data associated with the user. Accord-
ingly, a third-party service provider 108 may include an
authorization system, such as a login element or page of a
web site, application, or similar front-end, where a user can
provide credentials, such as a username/password combina-
tion, an account number and PIN, or the like to access the
user’s data.

FIG. 2 depicts one embodiment of a system 200 for
propensity model based optimization. In the depicted
embodiment, the system 200 includes a mobile computing
device 102, a data network 106, and a third-party server 108.
The mobile computing device 102, the data network 106,
and the third-party server 108, in certain embodiments, may
be substantially similar to one or more of the computing
devices 102, the data network 106, and/or the third-party
servers 108 described above with regard to FIG. 1. The
mobile computing device 102, in the depicted embodiment,
includes a camera 202, a network interface 204, and an
optimization module 104. The third-party server 108, in the
depicted embodiment, includes a pass/fail interface 206.

A camera 202, in certain embodiments, may comprise a
front facing camera, a read facing camera, or the like of the
mobile computing device 102. A user, in certain embodi-
ments, may use a camera 202 of the mobile computing
device 102 to take one or more images and/or photos. For
example, as part of a remote deposit capture process for
depositing a check over the data network 106, the optimi-
zation module 104 may prompt a user to take an image/
photo of the check using the camera 202 (e.g., an image/
photo of the front of the check, an image/photo of the back
of the check, or the like). In some embodiments, a camera
202 may comprise a digital camera and the optimization
module 104 may store one or more images/photos from the
camera 202 in volatile memory and/or non-volatile storage
of the mobile computing device 102 (e.g., for submission to
the pass/fail interface 206 over the data network 106 using
the network interface 204, or the like).

A network interface 204, in certain embodiments, may
comprise a wireless transmitter and receiver, transceiver,
and/or modem (e.g., for radio frequency, cellular commu-
nications, code-division multiple access or other spread
spectrum, time division multiple access, Bluetooth®, Wi-
Fi®, NFC, and/or other wireless communications). In other
embodiments, the network interface 204 may comprise a
wired network interface (e.g., a USB interface, an ethernet
interface, a serial port, or the like). The network interface
204, in one embodiment, enables digital communication
with other devices (e.g., with a backend server 110, a
third-party server 108, another computing device 102, or the
like) over the data network 106.

An optimization module 104, in certain embodiments,
may use the network interface 204 to send electronic sub-
missions over the data network 106 to the pass/fail interface
206. In one embodiment an optimization module 104 sends
an electronic submission from a mobile computing device
102 to a pass/fail interface 206 of a third-party service
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provider 108. In a further embodiment, an optimization
module 104 sends an electronic submission from a mobile
computing device 102 to a backend optimization module
104 of a backend server 110, and the backend optimization
module 104 of the backend server 110 may send the elec-
tronic submission to the pass/fail interface 206 of the
third-party service provider 108.

A pass/fail interface 206, in certain embodiments, com-
prises a network interface configured to selectively receive
or reject (e.g., pass or fail) electronic submissions. For
example, a pass/fail interface 206 may comprise a query
language interface of a database system that rejects or
otherwise refuses to execute a query with improper format-
ting or may comprise a remote deposit capture interface that
either accepts a check for deposit or rejects it remotely based
on one or more submitted images/photos of the check. In
certain embodiments, a pass/fail interface 206 may charge a
fee, enforce a quota, or the like against a user or other entity
associated with an electronic submission whether the pass/
fail interface accepts or rejects the electronic submission. As
described above, the optimization module 104 may deter-
mine a likelihood that an electronic submission will be
accepted by the pass/fail interface 206 prior to submitting
the electronic submission, and may perform one or more
corrective actions on the electronic submission in response
to determining that the electronic submission is unlikely to
be accepted by the pass/fail interface 206 (e.g., the deter-
mined likelihood fails to satisfy a threshold, or the like).

FIG. 3 depicts one embodiment of a method 300 for
propensity model based optimization. The method 300
begins, and an optimization module 104 receives 302 an
electronic submission. An optimization module 104 deter-
mines 304 a likelihood that the received 302 electronic
submission will be accepted by a pass/fail interface 206. In
response to the determined 304 likelihood that the received
302 electronic submission will be accepted by the pass/fail
interface 206 satisfying a threshold, an optimization module
104 submits 306 the received 302 electronic submission to
the pass/fail interface 206 and the method 300 ends.

FIG. 4 depicts one embodiment of a method 400 for
propensity model based optimization. The method 400
begins, and an optimization module 104 receives 402 an
electronic submission. An optimization module 104 deter-
mines 404 a likelihood that the received 402 electronic
submission will be accepted by a pass/fail interface 206. In
response to the determined 304 likelihood that the received
402 electronic submission will be accepted by the pass/fail
interface 206 failing to satisfy a threshold, an optimization
module 104 performs 406 a corrective action and the method
400 ends.

FIG. 5 depicts one embodiment of a method 500 for
propensity model based optimization. The method 500
begins and an optimization module 104 trains 502 a pro-
pensity model for a pass/fail interface 206 (e.g., one or more
machine learning models such as neural networks or the
like). An optimization module 104 receives 504 one or more
images (e.g., an image of a front of a check and a back of
the check, or the like). An optimization module 104 deter-
mines 506 a likelihood that a pass/fail interface 206 will
accept the received 504 one or more images using the trained
502 propensity model.

An optimization module 104 determines 508 whether the
likelihood satisfies a threshold. In response to determining
508 that the likelihood fails to satisfy a threshold, an
optimization module 104 performs 512 a corrective action
(e.g., retaking at least one of the images with a different focal
length, retaking at least one of the images with a different
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background, retaking at least one of the images with a
different field of capture, rotating at least one of images,
swapping two or more of the images, providing additional
information regarding the images, adding a signature to an
object of at least one of the images and retaking the image,
or the like). In response to performing 512 a corrective
action, an optimization module 104 may redetermine 506 a
likelihood that a pass/fail interface 206 will accept the
corrected 512 one or more images and the method 500
continues.

In response to determining 508 that the likelihood satisfies
athreshold, an optimization module 104 submits 510 the one
or more images to the pass/fail interface 206. The method
500 continues in response to an optimization module 104
receiving 504 one or more subsequent images (e.g., for a
subsequent submission to the pass/fail interface 206, or the
like).

A means for determining a likelihood that an electronic
submission will be accepted by a pass/fail interface 206, in
various embodiments, may include an optimization module
104, a propensity model, a neural network, a machine
learning model, artificial intelligence, a processor, an FPGA,
an ASIC, a computing device 102, a backend server 110,
other logic hardware, and/or other executable code stored on
a computer readable storage medium. Other embodiments
may include similar or equivalent means for determining a
likelihood that an electronic submission will be accepted by
a pass/fail interface 206.

A means for submitting an electronic submission to a
pass/fail interface 206 in response to a likelihood satistying
a threshold, in various embodiments, may include an opti-
mization module 104, a network interface 204, a data
network 106, a processor, an FPGA, an ASIC, a computing
device 102, a backend server 110, other logic hardware,
and/or other executable code stored on a computer readable
storage medium. Other embodiments may include similar or
equivalent means for submitting an electronic submission to
a pass/fail interface 206 in response to a likelihood satisfy-
ing a threshold.

A means for performing a corrective action for an elec-
tronic submission in response to a likelihood failing to
satisty a threshold, in various embodiments, may include an
optimization module 104, a camera 202, a processor, an
FPGA, an ASIC, a computing device 102, a backend server
110, other logic hardware, and/or other executable code
stored on a computer readable storage medium. Other
embodiments may include similar or equivalent means for
performing a corrective action for an electronic submission
in response to a likelihood failing to satisty a threshold.

The present invention may be embodied in other specific
forms without departing from its spirit or essential charac-
teristics. The described embodiments are to be considered in
all respects only as illustrative and not restrictive. The scope
of the invention is, therefore, indicated by the appended
claims rather than by the foregoing description. All changes
which come within the meaning and range of equivalency of
the claims are to be embraced within their scope.

What is claimed is:
1. An apparatus, comprising:
a mobile computing device comprising:
a camera;
a network interface; and
an optimization module configured to:
process one or more images from the camera using
a machine learning propensity model that is
trained on previous submissions to a pass/fail
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interface of a third party service provider that is
remote to the mobile computing device;

determine a likelihood that the one or more images
will pass submission to the pass/fail interface over
the network interface by inputting the one or more
images into the propensity model prior to submit-
ting the electronic submission to the pass/fail
interface of the third party service provider; and

submit the one or more images to the pass/fail
interface over the network interface in response to
the likelihood satisfying a threshold.

2. The apparatus of claim 1, wherein the optimization
module is further configured to:

perform a corrective action for the one or more images in

response to the likelihood failing to satisfy the thresh-
old;
redetermine the likelihood that the one or more images
will pass submission to the pass/fail interface in
response to performing the corrective action; and

submit the one or more images to the pass/fail interface
over the network interface in response to the redeter-
mined likelihood satistying the threshold.

3. The apparatus of claim 2, wherein the corrective action
comprises suggesting, on the mobile computing device, an
adjustment to the one or more images to a user of the mobile
computing device.

4. The apparatus of claim 3, wherein the suggestion
comprises one or more of:

retaking at least one of the one or more images with a

different focal length;

retaking at least one of the one or more images with a

different background;

retaking at least one of the one or more images with a

different field of capture;

rotating at least one of the one or more images;

swapping two or more of the one or more images;

providing additional information regarding the one or
more images; and

adding a signature to an object of at least one of the one

or more images and retaking the at least one of the one
or more images.

5. The apparatus of claim 2, wherein the corrective action
comprises an automatic action correcting one or more char-
acteristics of the one or more images.

6. The apparatus of claim 5, wherein the automatic action
comprises one or more of rotating at least one of the one or
more images and swapping two or more of the one or more
images.

7. The apparatus of claim 1, wherein the one or more
images are of a check and the pass/fail interface comprises
a remote deposit interface for depositing the check using the
network interface.

8. The apparatus of claim 7, wherein the likelihood fails
to satisfy the threshold in response to one or more of:

the check comprising a money order;

the one or more images of the check satisfying a blurri-

ness threshold;

a background of the one or more images satisfying a

complexity threshold;

a background of the one or more images satisfying a

similarity threshold relative to the check;

the one or more images having a wrong rotation;

a front image of the check and a back image of the check

being switched in the one or more images;

a signature endorsement missing from the check; and
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a monetary amount written on the check failing to match
a monetary amount input by a user of the mobile
computing device.

9. The apparatus of claim 7, wherein the optimization
module is further configured to suggest a monetary amount
for the check to a user of the mobile computing device for
confirmation, the optimization module configured to deter-
mine the suggested monetary amount based on optical
character recognition of a handwritten amount from the one
or more images of the check.

10. The apparatus of claim 1, wherein the optimization
module is configured to determine the likelihood using a
neural network based propensity model trained on previous
submissions to the pass/fail interface.

11. A method, comprising:

receiving an electronic submission for a pass/fail interface

of a third party service provider;
mimicking the pass/fail interface on a device that is
remote from the third party service provider using a
machine learning propensity model that is trained on
previous submissions to the pass/fail interface of the
third party service provider;
determining a likelihood that the electronic submission
will be accepted by the pass/fail interface by inputting
the electronic submission into the propensity model
prior to submitting the electronic submission to the
pass/fail interface of the third party service provider;

submitting the electronic submission to the pass/fail inter-
face in response to the likelihood satisfying a threshold;
and

performing a corrective action for the electronic submis-

sion in response to the likelihood failing to satisfy the
threshold.
12. The method of claim 11, further comprising:
redetermining the likelihood that the electronic submis-
sion will be accepted by the pass/fail interface in
response to performing the corrective action;

submitting the electronic submission to the pass/fail inter-
face in response to the redetermined likelihood satis-
fying the threshold; and

performing an additional corrective action for the elec-

tronic submission in response to the redetermined like-
lihood failing to satisfy the threshold.

13. The method of claim 11, wherein the corrective action
comprises suggesting an adjustment to the electronic sub-
mission to a user associated with the electronic submission.

14. The method of claim 13, wherein the suggestion
comprises one or more of:

retaking a photo for the electronic submission with a

different focal length;

retaking a photo for the electronic submission with a

different background;

retaking a photo for the electronic submission with a

different field of capture;

rotating a photo for the electronic submission;

swapping photos of the electronic submission;

adding information to the electronic submission; and

adding a signature to the electronic submission.

15. The method of claim 11, wherein the corrective action
comprises an automatic action correcting one or more char-
acteristics of the electronic submission.

16. The method of claim 15, wherein the automatic action
comprises one or more of rotating a photo of the electronic
submission and swapping front and back photos of the
electronic submission.
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17. The method of claim 11, wherein the electronic
submission comprises one or more photos of a check and the
pass/fail interface comprises a remote deposit interface for
depositing the check.
18. The method of claim 17, wherein the likelihood fails
to satisfy the threshold in response to one or more of:
the check comprising a money order;
the one or more photos of the check satisfying a blurriness
threshold;
a background of the one or more photos satisfying a
complexity threshold;
a background of the one or more photos satisfying a
similarity threshold relative to the check;
the one or more photos having a wrong rotation;
a front photo of the check and a back photo of the check
being switched in the one or more photos;
a signature endorsement missing from the check; and
a monetary amount written on the check failing to match
a monetary amount input by a user.
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19. The method of claim 11, wherein the electronic

submission comprises a database query and the pass/fail
interface comprises a database interface.

20. An apparatus, comprising:

means for determining a likelihood that an electronic
submission will be accepted by a pass/fail interface of
athird party service provider by inputting the electronic
submission into a machine learning propensity model
prior to submitting the electronic submission to a
pass/fail interface of the third party service provider,
the machine learning propensity model located on a
device that is remote from the third party service
provider and trained on previous submissions to the
pass/fail interface of the third party service provider;

means for submitting the electronic submission to the
pass/fail interface in response to the likelihood satis-
fying a threshold; and

means for performing a corrective action for the elec-
tronic submission in response to the likelihood failing
to satisfy the threshold.
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